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Introduction

MC sampling

Readily available!
 Neural Simulation-Based Inference m
p(x|6) x ~ p(x|6)

(NSBI) covers a broad range of
statistical techniques, [

* ldea: build ML surrogates for powerful
statistical inference in the presence of

e Intractable likelihoods (e.g. LHC
analysis), or (2, 216) —— (gL

t(x,z]0) —— 1 9

* when likelihoods are slow to compute 0 |
analytically (e.g. gravitational wave ’ : 7 (]0)
analysis). 0

Overview of typical NSBI workflow

Comprehi”;‘qeora";g" of NSBI: Figure credits: Madminer [1805.00020, 1805.00013,
- 2 1805,12244]



https://arxiv.org/abs/1805.00020
https://arxiv.org/abs/1805.00013
https://arxiv.org/abs/1805.12244
https://arxiv.org/abs/1911.01429

NSBI at the LHC

 The focus of this talk is on a practical application of these methods to LHC
analysis. The talk will cover:

» Efficiently modelling likelihoods as a function of complex high-dimensional
parameter space.

* Rigorously testing the quality of the surrogate models and their reliability
using MC and real data. \/

* Building robust frequentist confidence intervals using Neyman Construction.

v

* This will be explained with an example of the off-shell Higgs boson measurement
at the ATLAS experiment [Rep. Prog. Phys. 88 067801, Rep. Prog. Phys. 88
057803]
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https://iopscience.iop.org/article/10.1088/1361-6633/add370
https://iopscience.iop.org/article/10.1088/1361-6633/adcd9a
https://iopscience.iop.org/article/10.1088/1361-6633/adcd9a

NSBI at the LHC MC events sampled from implicit likelihoods

x ~ ps(x|u), pg(x|p)

Parton-level events sampled from analytical model

ATLAS

EXPERIMENT
Candidate Event:
pp - H(=bb) + W(-pv)

J 4 Parton Shower
ln PB(Z | 1)

8 z ,....,b il Hadronization . ; 'i

J g2 gv 4 Detector
z~ ps(z|p) i%@éf < Reconstruction
8 z

Simulation (forward pass)




NSBI at the LHC

Parton-level events sampled from analytical model

4 Z

Z NPB(ZW)
8 YA

8 8g 8v Z
z ~ ps(z|p) ii%;};<
g V4

Inference on model parameter p

: [ ATLAS ]
2 12 /s-13Tev, 140t - Obs NSBI 7
= -~ Exp NSBI /1
10 42 onl —-= Obs NSBI stat-only " _
- y “=+ ExpNSBlstatonly /]
8 : b

3 /

6} 7/

. s LY

~25
M off-shell
Profile Negative Log-Likelihood Fit
Rep. Prog. Phys. 88 057803

MC events sampled from implicit likelihoods

x ~ ps(x|u), pg(x|p)

ATLAS

EXPERIMENT
Candidate Event:
) + W(-11v)

PP H(I

Parton Shower

Hadronization

Detector
Reconstruction

Inference (reverse pass)
Reconstructed
events Xx;

p(xillu’ 2%)

px; | f, @) k\

Event-by-event

-2 Z log

IEevents

L XL,

parameterized likelhood — \\" IR

ratios AR T NIRRT NS
-;';:&mw.w

p — parameter of interest - " \\'//‘\\

a — nuisance parameters

Surrogate Model
for likelihood ratios


https://iopscience.iop.org/article/10.1088/1361-6633/adcd9a

The off-shell Higgs boson

The probability model of the off-shell Higgs boson:

px|p) = (D) [,u + Ug * Pg(X) + \/ﬁ - Uy pi(x) + vg - pp(x) + Upyg - prg(X)
H N — ——
v — Exp events Parameter dependence oH-2Z NI —ga’\'cf(g:)“l}ﬁgs””g
ch;ZZ
Signal probability Bkg probability
PS(X) pp(x)
5 8¢  8v Z & QQO = Z
_ - - A
po=2ere | Sl x
8 Z g QQQ ) —> Z
Interference
probability

ggF Higgs Signal ggF Interfering Background



Previous Analysis

Fixed S/B discriminant is often the optimal
choice for hypothesis testing at the LHC

px|p) ps(x) Pp
N //t . DS ° —I— VB °
Pp(x) Pp(x) B(X)
l Previous off-shell analysis
Phys. Lett. B 846 (2023) 138223
0 L L B L B L L B LA L B AR AR
c  10°e ATLAs o Daa N
u>J ] 05 (5 =13 ToV, 130.0 f5’ j:s_t:en;;tlc uncertainties
ggF Signal Region Bl o H—)Z2Z
1i 04 [ ] Other Backgrounds
[ qq— (H*—) ZZ+2]
10° —— gg—H'—>2Z
—— qq— H*— ZZ+2j
10
10
1
107"
102%g s
. e . S . A . S S =
% 1'5—_0 Data / Exp.
L C
P 17
8 E--1+ggFI/Exp.--1+EWI/Exp.
0.5 —1+9ggF S/Exp. — 1 +EW S /Exp.
-1 -0.5 0
_ ps(x) S/B discriminant used in previous Run-2
Onpn(x) = log
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https://doi.org/10.1016/j.physletb.2023.138223

Previous Analysis

Fixed S/B discriminant is often the optimal
choice for hypothesis testing at the LHC

p(x|p) ps(x) DB
~ //l U q° + v B
pp(x) Pp(x) B(X)
Previous off-shell analysis
Phys. Lett. B 846 (2023) 138223
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Ps(x)
Onpn(x) = log

pp(x) + 0.1 - py,(x)

Trained using multi-dimensional
input feature space

S/B discriminant used in previous Run-2
analysis of off-shell Higgs boson


https://doi.org/10.1016/j.physletb.2023.138223

PreViOUS AnalySiS But what if the parameterization is non-linear?

rily .PS(X)_I_\/—.V.P](X) L, P

Fixed S/B discriminant is often the optimal U Vg I Vg *
choice for hypothesis testing at the LHC pp(x) pp(x) ppx) B(X)
N
p(x|u) Dy(X) Pg E.g.: interference effects of off-shell Higgs boson
~ K-l ' production. Single observable no longer describes
Pp(x) Pp(x) B(X)

the full parameter space!

Previous off-shell analysis
Phys. Lett. B 846 (2023) 138223
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https://doi.org/10.1016/j.physletb.2023.138223

Previous Analysis

Fixed S/B discriminant is often the optimal
choice for hypothesis testing at the LHC

px|p) ps(x) Pp
NN //t ° U ° —I— U °
Pp(x) Pp(x) B(X)
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ps(x)
Onpn(x) = log >

pp(x) + 0.1 - py,(x)

But what if the parameterization is non-linear?

p(x|p)
pe(x)

o

Ps(x) pi(x)
oS Pp(x) " \//7 o Pp(x) o
N e/

PB
B(X)

E.g.: interference effects of off-shell Higgs boson
production. Single observable no longer describes

-2In(\)

the full parameter space!

T | T | [ T T L I T TT | L | [ |_

20 ATLAS — - Obs-Stat. only ]
—— Obs-Sys ]

18 H* — 2Z — 4hlivy — - ExpStatonly
1613 TeV, 139 fb! — BxpSys =
Obs-Stat. only: 1.1ig:: Exp-Stat. only: 1.0’:2:: .

14 —Obs-Sys: 1.1 il Exp-Sys: 1.0" 07 —
12 / =
Previous Run-2 result / .

1 O (Phys. Lett. B 846 (2023) 138223) _]
8 =
e\ 7y 20 _:
FL A /) 5
N 1o
0 -------- | I | I | l L1 1 | | I 1 1 1 I L1 1 1 ]
O 05 1 156 2 25 3 35 4
Moﬁ‘-shell
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But what if the parameterization is non-linear?

Previous Analysis

X X X
Fixed S/B discriminant is often the optimal p(_l,u) ~ U Ug- Ps) + \//7 Uy Pi) + g - PE
choice for hypothesis testing at the LHC pp(x) pp(x) pp(x) B(X)
-
p(x|u) Dy(X) Pg E.g.: interference effects of off-shell Higgs boson

) ~H Vg (x) + g - (x) production. Single observable no longer describes

PB PB B the full parameter space!
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New Analysis - NSBI

Frequentist test using NSBI

Profile Negative Log-Likelihood

Test Statistic
N AY7AY. A
.k'%g‘é‘\%’g S 2 log 2Ll #: &)
7 Q7 QL prae sy ; —_ .
s e ‘ 2
’ \ ~ \ ~ . 9
— .\\'//‘\\'//‘\\( IEevents
Surrogate Model 5 12 e 10+ — ObsNSBI i
; g ] = ~—- Exp NSBI R
for likelihood ratios 10F  rony —-~ Obs NSBl statonly 7 -

--—- Exp NSBI stat-only/~

[ R N

l 8

MC events sampled from
implicit likelihoods

.................

M off-shell
x ~ ps(x|p), pglx|p)
3 B Off-shell Higgs measurement using NSBI
Rep. Prog. Phys. 88 057803
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https://iopscience.iop.org/article/10.1088/1361-6633/adcd9a

New Analysis - NSBI

Frequentist test using NSBI

How do we train this model? Profile Negative Log-Likelihood
Test Statistic

RS ' | P0G 1 A, @)
— .\\'//‘\\'//‘\\( i€events
Surrogate Model 5 2 A e ion T e Nes 7
for likelihood ratios 10F  seony —-~ Obs NSBI statonly ,*

--—- Exp NSBI stat-only/~

[ R N

l 8

MC events sampled from
implicit likelihoods

.................

M off-shell
x ~ ps(x|p), pglx|p)
3 B Off-shell Higgs measurement using NSBI
Rep. Prog. Phys. 88 057803
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https://iopscience.iop.org/article/10.1088/1361-6633/adcd9a

New Analysis - NSBI

}  Proposal 1: estimate paramaterized PDFs A'
px|u, a)

How do we train this model? ,

t train generative models with tractable probability §

“ densities (e.g. Normalizing Flows) ‘

e N7 No<7/ S
O] oA oA,

XIS
~CLX S
WAV A N
o

Surrogate Model
for likelihood ratios

t

MC events sampled from
implicit likelihoods

x ~ pg(x|p), pp(x|p)
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New Analysis - NSBI

How do we train this model?

(/Akw/{‘}\of{\

\ ’ VAV, VAV,
o ST NS
BXX_XKK ZRK >

/) LK e":‘v
NANAN

Surrogate Model
for likelihood ratios

t

MC events sampled from
implicit likelihoods

x ~ pg(x|p), pp(x|p)
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}  Proposal 1: estimate paramaterized PDFs A'
px|u, a)

t train generative models with tractable probability
” densities (e.g. Normalizing Flows ]

t  Proposal 2: Estimate parameterized density ratios

p(xi | ,l/l, a)
pref(x)

use in the profile likelihood ratio:

pOglp.a) PG| @) Dyop(x) P(xi|ﬂa35)
— —
pref(x) p(xi | ﬂ\a &) /pref(x) p(xi | /27 &)

Pref(X) can be any chosen parameter-
independent hypothesis



New Analysis - NSBI

How do we train this model?

(/Akw/{‘}\of{\

\ ’ VAV, VAV,
o ST NS
BXX_XKK ZRK >

/) LK e":‘v
NANAN

Surrogate Model
for likelihood ratios

t

MC events sampled from
implicit likelihoods

x ~ pg(x|p), pp(x|p)
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}  Proposal 1: estimate paramaterized PDFs A'
px|u, a)

t train generative models with tractable probability
” densities (e.g. Normalizing Flows ]

t  Proposal 2: Estimate parameterized density ratios

p(xi | ,l/l, a)
pref(x)

use in the profile likelihood ratio:

px; | p, a) p(xl-l,u,&) /PM‘L&) P(xi|ﬂa35)
— —
pref(x) p(xilﬂ\a &) FPTefQC)

p(xilﬁa &)

Pref(X) can be any chosen parameter-
independent hypothesis



New Analysis - NSBI

How do we train this model?

‘V V’ ‘V V’
~@ERX XK XRL >

XX XN
== \
Surrogate Model

2%
for likelihood ratios

NCQAW AW

MC events sampled from
implicit likelihoods

x ~ pg(x|p), pp(x|p)
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}  Proposal 1: estimate paramaterized PDFs A'
px|u, a)

t train generative models with tractable probability
” densities (e.g. Normalizing Flows ]

Easier to train and validate for large-dimensional inputs

i Proposal 2: Estimate parameterized density ratios

p(xi | ,l/l, a)
pref(x)

use in the profile likelihood ratio:

px;|p, ) p(xilr”’&) [ P P(xi|/4a35)
—> —
Pref(X) P | A, @) o)  p(x;| 4, Q)

Pref(x) can be any chosen parameter-
independent hypothesis



Overview: Neural Simulation-Based Inference

Full test statistic function for frequentist parameter estimation on parameter y

Pois(N., .| . & Now  p(x |y Q) prpe) Nt >
l‘(//t)=—2'l ( Obsll/t )—ZZIOg M 2210 psubs()

Og H A A A A o g A
POIS(NObs | Hs a) i—1 p(xi | Hs a)/pﬁ]ixi) k psubs(a)
Extended Sum of event-by-event .
. . . Constraint terms
Poisson term log-likelihood ratios

DPaups — likelihood from
subsidiary measurements of
the nuisance parameters

N, — total observed events
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Overview: Neural Simulation-Based Inference

Full test statistic function for frequentist parameter estimation on parameter p

N,

syst

o POIS(N, | 11, @) Dy % log POl p, ) prry) - Z log Do)
Pois(N, .. | 4, &) 7 p(xi| i, @)/ Prpxy) ~ " Douns(@)

parameter-
sum over processes independent ratio
| c =9, B, etc.

t(u)=-2-1

Pl | 1 [
pref(xi) - Zc Gc(a) fc(/’t) "Ue Z fé(ﬂ) gC(xz | a) & pref(xi)

c

Parameterized per-event ratios
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Overview: Neural Simulation-Based Inference

Full test statistic function for frequentist parameter estimation on parameter p

POIS(N,p i ®) - N Pl @) N B
() = — 2 log oo Cape 1o ®) _y gy PP 3 g Lt
POIS(Nobs | Hs a) i—1 p(xi | M a)/pﬁ]{xi) k psubs(a)
parameter-
sum over processes independent ratio
c = S, B, etc.
px; | p, @) 1 Px;)
= T - x| @) - v, -
pref(xi) Zc Gc(a) fc(/’t) "Ue ; ] ) o ) pref(xi) |

Parameterized per-event ratios

E.g. in stat-only off-shell Higgs model:

Parameter dependancies are plx|p) = oo 1A WO+ /1 vy pX) + v - pp(0)|+ Ly | Pi)]
factorized out — —
Js(u) Ji(w)

"Mixture models”
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Overview: Neural Simulation-Based Inference

Full test statistic function for frequentist parameter estimation on parameter p

Pois(N., .| . & Now  p(x |y Q) prpe) Nt >
( obsll’t )—QZlg N _2.210 psubs()

t(p) = —2-log —— — 0 — g "
POIS(Nobs | Hs a) i—1 p(xi | M a)/pﬁ]{xi) k psubs(a)
parameter-
Sum over processes independent ratio
c = S, B, etc.
po; ) | 1 Px)

fo(w) - gl a) - v 4—

pref(x) 2 G (a) fc(/’t) V. pref(x) |

Parameterized per-event ratios

Factorized nuisance parameter a-dependence:

Parameter dependancies are (x|a) = px|a)
factorized out Ee p.(x)

"Mixture models”
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Overview: Neural Simulation-Based Inference

Full test statistic function for frequentist parameter estimation on parameter p

t(p) =

X ~ multi-dimensional

kinematic inputs

prref
S=0

Two hypothesis:
Pc and pref

5(x)

T 1.0— 5

Pois(N, . | u, & N CAYTR)Y) TE BT %
—2-log — ( ObS“f ?)—2-210g — Pyl —2-Zlogpsubs(cf)
POIS(Nobs | Hs a) i—1 p(xi | M a)/pﬁ]{xi) k psubs(a)
sSum over processes
c = S, B, etc.
px;|p, ) 1 Px;)
— £ - gl @) - v, -
pref(xi) Zc Gc(a) fc(/’t) "Ue ; ] ) o ) pref(xi)
\({Ai:\:{é‘}:\?t{ in L S(x) = Pe (x) Pe (x)
SRR XL argmin L, — = — X
S .,g.%,ge? B Pref + Pe Prs
\\'//\\'//\\ Binary Cross-Entropy loss

Classification NN

"Likelihood ratio trick" or CARL approach [1506.02169]

Many examples in ATLAS - HH4b background estimation, Omnifold, etc.
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https://arxiv.org/abs/1506.02169
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HDBS-2019-29/
https://arxiv.org/abs/2405.20041

Challenges: Systematic Uncertainties

: parameter-
Parameterized sum over processes independent ratio
per-event ratios c =S, B, etc.
px; | p, a) 1 D (x)
l ~ Z fo(w) - gx; | @) - v, A ——
pref(xi) ZC Gc(a) fc(ﬂ) "Ue - pref(xi)

Factorized nuisance parameter a-dependence:

px|a)
p(x)

g.(x|a) =
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Challenges: Systematic Uncertainties

Parameterized
per-event ratios

parameter-

sum over processes independent ratio
c =9, B, etc.

p(xill/t7 a)

P ref (xi)

J(w) - gx;|a) - v, -

B 1 p.x;)
- ZC Gc(a) fc(ﬂ) Ve ZC: ] \ pref(xi) |

Factorized nuisance parameter a-dependence:

px|a)
p(x)

g.(x|a) =

Challenging due to the high-
dimensionality of & = («,,)
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Challenges: Systematic Uncertainties

Parameterized
per-event ratios

sum over processes
c =S, B, etc.

p(xilluaa)

P ref (xi)

1

"~ Y Gla) () - v,

Assumption 1:

Nominal

]

Factorized nuisance parameter a-dependence:

Simulation points

A

&

i3

A\ 4

The effects from the various NPs
a,,, are orthogonal to each other 25

2

C

parameter-

P(x;)
P ref (xi)

J(w) - gx;|a) - v, -

\

px|a)
p(x)

g.(x|a) =

Challenging due to the high-

independent ratio

dimensionality of o = (a,,,)



Challenges: Systematic Uncertainties

: parameter-
Parameterlz?d sum over processes independent ratio
per-event ratios c =S, B, etc.
px; |, ) 1 Z px)
— S - g(x; o) - v, -
pref(xi) ZC Gc(a) fc(/’l) "Ue c | pref(xi) |
i Factorized nuisance parameter a-dependence:
Assumption 1:
px|a) px|a,,)
gxla) =———==[]——"
R Simulation points pc(x) o pc(x)
A
Nominal
\ 1
< i “i3- i >
a Often a fair assumption for the
]

systematics model at the LHC

v

The effects from the various NPs
a,,, are orthogonal to each other 26



Challenges: Systematic Uncertainties

Parameterized
per-event ratios

parameter-

sum over processes independent ratio
c =9, B, etc.

p(xilluaa)

P ref (xi)

1

" Y Gl £

Assumption 1:

Nominal

]

Factorized nuisance parameter a-dependence:

Simulation points

A

@ i3

v

A\ 4

The effects from the various NPs
a,,, are orthogonal to each other 2r

3 | £ gla v, {22
pref(xi)

| \ |

C

Pl Pl

g:lxle) = Pe() Pe()

m

But we also need to estimate these
parameterized density ratios



Challenges: Systematic Uncertainties

: parameter-
Parameterized sum over processes independent ratio
per-event ratios c =S, B, etc.
px; | p, a) 1 D (x)
— F | A gl ) - v =
pref(xi) ZC Gc(a) fc(/’l) Ve c L pref(xi) |

Train parameterized NNs for each a,,

am
_ —~@EXX KK XXX argmin L
‘,}‘:ﬁ ::‘:e.?gv % Pex)
X~p ‘\\'//\\'//\\ Binary Cross-Entropy loss
5=0 e el
Two hypothesis: Classification NN

pa,,) and p,
"CARL" approach
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Challenges: Systematic Uncertainties

Train parameterized NNs for each o,

am
L B ST A ol
> \‘U".\‘o(;" argmin L —» Pt O
~EXX ZRKK r e
N NN c
X~p .\\'// \\'//\\ Binary Cross-Entropy loss
§=0 it oy

Two hypothesis:
p(a,)and p,

Classification NN

Challenges:

. . . - 0 t+lo,
 Simulations only available at 3 parameter points - o, , a,

* Difficult to validate the NN interpolation into phase space with '
no simulations for testing. |
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Challenges: Systematic Uncertainties

: L : +1
Solution: train single unparameterized NNs for each a,,

X ~ 5Ciani; 1%) - ‘\{A}?\;g‘?\;g . pc(x | anillaa)
— Q, &2‘:2‘;:‘;.}4:2 ;:é argmin L — 0
X~ p, - .’ //‘\\'//‘\\( Binary Cross-Entropy loss
5=0 o o

Two hypothesis:
pa,,) and p,

Classification NN

Assumption 2: _ o
Semi-analytic approximation

( pc(:c|oz;;1"a) o a,, > 1
pc(:r:) "
pe(|om) Z -
¢ T ={1+ a;o -1<aq,<1
pc(:c) i=1 ) a
(pleeam) ™
\ pc(.’I?)

The a-dependent negative log-likelihood
ratio is a smooth parabolic function



Challenges: Systematic Uncertainties

. . . . =+
Solution: train single unparameterized NNs for each aml%

tlo, '
X Ng{am ) .\"%‘é:\!{’é pc(x | (11;1_”6“)
o Y N9, %% .
~ @K XRX XRK @~ agmin L — =
EROEX "ov( | :
X~ P, .\\ // \\'//\\ Binary Cross-Entropy loss
§5=0 et o

Two hypothesis:
pa,,) and p,

Classification NN

Assumption 2:
Semi-analytic approximation

( +10'a, Qam
() e
(5l0) b Combine with p(x|a,)
i =<1+Zaiain -1<a,<1 > gc(xla)=H (x| a® = 0)
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The a-dependent negative log-likelihood Same ideas as proposed HistFactory, extrapolated to NSBI

ratio is a smooth parabolic function (see backup slides)
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Challenges: Systematic Uncertainties

: parameter-
Parameterlz‘?d sum over processes independent ratio
per-event ratios c =S, B, etc.
pix;lpa) | 1 Z ) - g.(xla) - v p(x)
— c TS\ “bes
pref(xi) ZC Gc(a) fc(/’l) "V - pref(xi)
: N _
Repeat for each
systematic, for
each process
Assumption 2: _ _ -
Semi-analytic approximation
( +1o,a Om
() e
(5l0) 5 Combine with p(x|a,)
PaOm) — 014+ aicd, 1<, <1 > slo=]] xlad = 0)
Pe() i=1 . Assumption 1 m PX 10y =
(pc(x|am a)) Ol < _1
\ pc(.’IJ)
The a-dependent negative log-likelihood Same ideas as proposed HistFactory, extrapolated to NSBI
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Results using NSBI

The NSBI approach learns everything, including the parameter scaling and thus the full
interference effects

px|p) N Ps) |, e PO | PP
pB(x) > pref(x) ! pref(x) ’ pref(x) M pref(x)

Four parameter-independent ratios are trained
(suppressing the a-terms for brevity)
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Results using NSBI

The NSBI approach learns everything, including the parameter scaling and thus the full
interference effects

px|p) N Ps) |, e PO | PP
pB(x) > pref(x) ! pref(x) ’ pref(x) M pref(x)

Four parameter-independent ratios are trained

No "fixed" S/B discriminant - asymptotic
optimality throughout i/ space.

Additional sensitivity from unbinned
nature
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Results using NSBI

The NSBI approach learns everything, including the parameter scaling and thus the full
interference effects

px|p) Ps(x) pi(x) Pp(x) Pni(X)
~ W Uge +\HY TUpe -+ Unpe .
pB(x) pref(x) pref(x) pref(-x) pref(x) PI’GVIOUS
NSBI analysis
Four parameter-independent ratios are trained analysis
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Results using NSBI

The NSBI approach learns everything, including the parameter scaling and thus the full
interference effects

plx|p) Ps(x) pi(x) ppx) Pni(X)
~ W Uge +\HY TUpe -+ Unpe .
pB(x) pref(x) pref(x) pref(-x) pref(x) PI’GVIOUS
NSBI analysis
Four parameter-independent ratios are trained analysis
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Monte Carlo Diagnostics

The NN ratios are meticulously trained to be true representations of the density ratios

Do the ratios capture the full un-biased
dependence of the multi-dimensional

Does the NN output correspond to real
probabilities?

bin
log PEI () o 1og XK, feature space x ?
og by og Noin .
pref(x) ref (X)
o B A
— b E) - ATLASSlmuIatlon ]
o - ATLAS Simulation o - Vs=13TeV |
N 4 Vs=13TeVv ‘ S 101 p(x|1.7) —
t b “ - X p(x| 1) ~ p(x|1.7) 3
2 of - 5 p(x|1) ]
= C p(u = 1.7)/pyes calibration test © o i
MC estimate % 0:_ E L NN prediction |
. .g - = —
me X 3 -2 _ - :
log ( |//l) (EJ B - —+— p(u=1.0) mc sample 1
Nfé]’}(x) e " Excellent agreement! B p(u=1.7) i
N di,jﬂ*fw B - —— p(u=1.0) = p(u =1.7) Reweighted ]
| 'H‘xp:**ﬁ 103 :
-8 ] 1_053:::::::::::::::::::::::::::“' } i
““““““““““““““““ [o) - Excellent agreement! .
ey " | {} e %H.{.%Hwﬂmﬁww -
2 Cofl {iﬁqi* ﬂw %Hﬂw {wﬂﬁw 1‘1 {iﬂE g |
—2-5 J[ 0_95 e ! +

1 1.1 f—
NN predlcted log [p(,LI 1.7)/Pre] E § -
X[x 1.0 feram st o
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. p(x | /’l) i 0.9
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o
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Where does the sensitivity come from?

0.5)]

pxily)

(xi|

-2 log [p

||||||||||||||||||||||||||||||||||||

3

TLAS Simulation
Vs =13 TeV, 140 fo~1

IIIIIII

|IIII|IIII|IIII

250 500 750 1000 1250 1500 1750 2000
my, [GeV]

|

1.5)

p(xil )

(x|

-2 log [p

TLAS Simulation
Vs =13 TeV, 140 fb~!

>

pO;lp = 1.5) = px|p)
(no sensitivity regions)

}

1|||||IIII|IIII

250 500 750 1000 1250 1500 1750 2000
my, [GeV]

The per-event negative log-likelihood ratio allows a probe to identify phase
space regions that contribute to the final analysis senstivity.

This allows to identify phase space regions that need robust modeling from
Monte Carlo samples.
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Real Data Diagnostics

Events / 0.005

Data / Exp.

A rigorous data-MC comparison is performed using the parameterized density ratios
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Check agreement as a function of any parameter u value
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Building Frequentist Confidence Intervals

 In settings like the off-shell Higgs boson that

do not follow Wald approximation: Previous Histogram-based H* — ZZ measurement

2 20_I | I | | | | | | | | IOIbI IS| | II | | l_

Y ~—~ __ATLAS — - Obs-Stat. only i

- B |

— 21n )\(,u) = (H 2,LL) x N 18—_ i} —— Obs-Sys E

o ' - HY — ZZ — 4Klivy — - Exp-Stat. only ]

v 1007 1797 16113 TeV, 139 b’ — Exp-Sys -

aralv: ' - Obs-Stat. only: 1.1ig‘2 Exp-Stat. only: 1.0fg'g :

14— Obs-Sys: 1.1i8:2 ' Exp-Sys: 1-0i8:: ' ]

12F ] 3

* Neyman construction is essential. 1 Ot— | | // E
L Pva Lot B 848 (2059 138923 / N

e But standard LHC techniques like Poisson PDF E
sampling cannot work directly. "R 20 3

e This is because the NSBI technique presented - _
here dOeS nOt have a PDFp(X | //l, a) to Sample O | L 2 T | | | L1 1 1 | L1 11 | I--I--I-.I--l-:-l--l--l“:
pseudo-data from - only the density ratios: 0 05 1 156 2 25 3 35 4
p(x | U, Q) l'Lof‘f-shell

Pref ()C)
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Neyman Construction for NSBI

* The trained density ratios are used to create unbiased Asimov samples with MC weights
w, for any value of the i, @ parameter space:

V(,M, Cl) . p(x | Hiruth a) .
Vref pref(x) T MC weights of

reference sample

WA(X | Hiruths a) -

* Pseudo-experiments are then sampled using the Poisson bootstrap method -
Wpseudo—data(x) — POiSSOI‘]( WA(xllutruth’ (l) )

T 11— _
o — 3 o — 3
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3 : - 3 - -
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3 i ! 1 3 i | .
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Neyman Construction for NSBI

* The trained density ratios are used to create unbiased Asimov samples with MC weights

w, for any value of the i, @ parameter space:

° I -
s I ATLAS 4
= | I —al
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Conclusion and Outlook

* An implementation of NSBI was presented focused on building likelihood ratios as a

function of complex, large-dimensional parameter spaces using well-motivated
approximations.

« The NSBI approach presented in this talk has broad applicability across LHC
analysis - particularly effective when the likelihood model is non-linear in the

parameter of interest and when multi-dimensional information is needed for extra
precision.

* The various conceptual and computational developments have been done and
published in these companion papers by ATLAS:

* Rep. Prog. Phys. 88 067801 [General NSBI method presented in this talk]

* Rep. Prog. Phys. 88 057803 [Application to off-shell Higgs boson and Higgs boson
width measurement with the ATLAS experiment]


https://iopscience.iop.org/article/10.1088/1361-6633/add370
https://iopscience.iop.org/article/10.1088/1361-6633/adcd9a

Backup



Parameterized Observables and Unbinning

Rep. Prog. Phys. 88 067801

l 8 L EEE A L L L L L L s e . TR ,"  —
- ATLAS Simulation
- Vs =13 TeV, 140 fb1

The improved sensitivity from using the
NSBI approach is a result of:

—— Unbinned NSBI
—-==Binned log [ps/ p(u =1.0)] 15 bins

+ Binned p(u = Uscan)/p(u =1.0) 15 bins
Binned p(u = Uscan)/p(u = 1.0) 20 bins
Binned p(u = Uscan)/p(u = 1.0) 30 bins
Binned p(u = Uscan)/p(u = 1.0) 90 bins

e using parameterized information
for the hypothesis testing

1 | | | | [ | |

e and doing an unbinned fit

———
§\
\\
~

nnnnnnnnnnnnnnnnnnnnn
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Uncertainty Parameterization

p(xilluaa) . 1

Pref@) Y Ga) - fi() - v,

/

Factorized yield a-dependence:

G.(@ = [

k Ve

with v.(oy )/ v, estimated using analytic
interpolation techniques:

Available from simulations

atay, =0, o, o

@\
v (o
< ” > a, > 1

=11+3° cal —1<aq <1

n=1 1
v(a)[\ T %
( 2% )

Ref: HistFactory

-

a, < —1

k

Z fi(w) - g(x;|a) v, - P(x)
P ref(xi) |

Factorized per-event a-dependence:

C

standard techniques

Per-event analog of gc(x | 0[) _ H pc(-x | ak)

o P

with p.(x | o,)/p(x) estimated using a mix of
NNs and analytic interpolation techniques:

Density ratios trained using NNs from simulations
atay, =0, o, o

px| o) ak
c k
< Pe(x) > > 1

) 1"‘22:1%0‘1’: —1<aq<1"

(pc(x | o)
px)

-

p(x | ) _
Pc(x)

)_ak a, < —1

L
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Full workflow of the NSBI Analysis
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